F orage nutritive value analysis has traditionally been performed through wet and ignition laboratory (Kellems and Church, 1998) and NIRS laboratory analysis (Norris et al., 1976) . These methods of forage analysis are accepted as accurate and are used for livestock feed ration estimation but require a number of days or weeks for results to be delivered. Remote sensing provides an alternative that could provide forage nutritive value estimates with less turnaround time and allow more rapid decision making for inclusion of a feeding supplement. The examination of hyperspectral reflectance for indicating N concentration in vegetation is somewhat extensive. Estimation of bermudagrass N concentration through the use of spectral sensors has been examined by Starks et al. (2004) for multiple wavebands in the 368-to 1100-nm range and produced estimates with R 2 = 0.76 as compared with laboratory analysis. An R 2 = 0.82 was reported by Starks et al. (2008) A hyperspectral passive spectrometer collecting spectral data at 340 to 1030 nm and a sensor system developed for use from a mobile platform were employed to collect data for prediction of CP. The predicted CP from hyperspectral data regressed with those measured by near-infrared spectroscopy (NIRS) in a laboratory produced R 2 = 0.80. Bermudagrass CP predictions from data collected using the mobile system showed no seasonal influence and were characterized with R 2 = 0.85. Wheat predictions from the mobile sensors exhibited R 2 = 0.27 for both fall and spring wheat when modeled as one data set. When split into two data sets for fall (Feekes 1-7) and spring (Feekes 7-10) growth, wheat model predictions of CP bore R 2 = 0.65 and 0.01, respectively. Tall fescue exhibited a similar pattern for mobile data, whereas all predictions regressed with measured values exhibited an R 2 = 0.63, spring and early summer an R 2 = 0.83, and fall observations an R 2 = 0.41. The results of this study indicate prediction of CP using hyperspectral data are accurate enough to be used for reporting forage CP for bermudagrass and are seasonally dependent for reporting forage CP in tall fescue and wheat.
For evaluating feasibility of this system, N rate experiments containing bermudagrass [Cynodon dactylon (L.) Pers.], tall fescue [Lolium arundinaceum (Schreb.) Darbysh.] , and wheat (Triticum aestivum L.) were examined. A hyperspectral passive spectrometer collecting spectral data at 340 to 1030 nm and a sensor system developed for use from a mobile platform were employed to collect data for prediction of CP. The predicted CP from hyperspectral data regressed with those measured by near-infrared spectroscopy (NIRS) in a laboratory produced R 2 = 0.80. Bermudagrass CP predictions from data collected using the mobile system showed no seasonal influence and were characterized with R 2 = 0.85. Wheat predictions from the mobile sensors exhibited R 2 = 0.27 for both fall and spring wheat when modeled as one data set. When split into two data sets for fall (Feekes 1-7) and spring (Feekes 7-10) growth, wheat model predictions of CP bore R 2 = 0.65 and 0.01, respectively. Tall fescue exhibited a similar pattern for mobile data, whereas all predictions regressed with measured values exhibited an R 2 = 0.63, spring and early summer an R 2 = 0.83, and fall observations an R 2 = 0.41. The results of this study indicate prediction of CP using hyperspectral data are accurate enough to be used for reporting forage CP for bermudagrass and are seasonally dependent for reporting forage CP in tall fescue and wheat.
for N concentration to spectral reflectance in the 705-to 1685-nm range in warm-season grass pastures. Starks and Brown (2010) noted no cultivar-specific model offered an advantage in improving estimation accuracy for N concentrations of three bermudagrass cultivars using hyperspectral reflectance measurements from 350 to 1125 nm. Guo et al. (2010) observed R 2 values of 0.63 for forage CP estimation when hyperspectral data in the 350-to 2500-nm range were collected in a semiarid, mixed-prairie ecosystem. Biewer et al. (2009) examined spectral reflectance in the 630-to 1000-nm range in legume-grass swards and reported an R 2 = 0.86 for the relationship of estimated to laboratory-analyzed CP. Albayrak (2008) published R 2 values of 0.87 for N concentration prediction from spectral reflectance indices for 460, 550, 650, and 780 nm in sainfoin (Onobrychis sativa Lam.) pastures. Tang et al. (2004) reported R 2 = 0.70 for CP to hyperspectral reflectance as well as R 2 = 0.60 to 0.80 for hyperspectral reflectance to N concentration (Tang et al., 2007) in rice (Oryza sativa L.). Zhang et al. (2012) observed R 2 = 0.96 for CP estimates from spectral data collected in the 200-to 1100-nm range when regressed with laboratory analysis in rice. Hyperspectral data have also been examined for correlation to N status in wheat (R 2 = 0.44) and corn (Zea mays L.) (R 2 = 0.72; Chen et al., 2010) . Eitel et al. (2008) reported normalized difference vegetative index (NDVI) to be only marginally correlated with chlorophyll concentration in dryland wheat (R 2 = 0.46). Feng et al. (2014) reported R 2 = 0.85 for wheat leaf N concentration and spectral reflectance at 755 and 680 nm. Fitzgerald et al. (2010) examined the correlation of canopy chlorophyll content index to canopy N content in wheat and observed an R 2 = 0.97. Govind et al. (2005) found broadband spectral indices to be more sensitive to plant N concentration in wheat than were hyperspectral reflectance indices. The need for consistent lighting and small windows of optimal sample conditions in the field were limiting factors in using the passive hyperspectral instruments implemented in these studies. As a number of studies have shown, reflectance at visible to near-infrared (NIR) spectra are highly correlated to N content in vegetation. Passive spectral devices that rely only on sunlight for a lighting are susceptible to the aforementioned limitations and may not provide the versatile capabilities needed to perform effectively in a mobile system, which may be used at many different times throughout the course of a day. It is intuitive that spectral sensing instrumentation, which provides a light source and can acquire reflectance measurements, will potentially provide a robust method for leaf N concentration estimation. Erdle et al. (2011) recorded R 2 values up to 0.96 for active spectral sensors acquiring reflectance measurements at 730 and 760 nm when regressed with wheat leaf N. Cabrera-Bosquet et al. (2011) reported R 2 from 0.47 to 0.71 between NDVI and aboveground N content in wheat. Fricke and Wachendorf (2013) , Reddersen et al. (2014), and Pittman et al. (2015) examined the combination of sensors for biomass estimation. Though no estimation of crude protein was attempted, this type of sensor combination strategy could also assist in estimation of crude protein as nutrient concentration in the plant that could bear some relationship to maturity and biomass. Although a significant body of literature exists considering the relationship of spectral reflectance to vegetative N status, validation of models to predict forage CP from a mobile active spectral sensing system has not been examined. The objective of this project was to construct a predictive model from visible to NIR hyperspectral data from passive instrumentation and narrow-band-based red to NIR spectral models from active sensors to approximate CP concentration in 'Midland 99' bermudagrass. The strategy employed included three hyperspectral predictive models for CP: (i) individual-wavelength-based model, (ii) 11 (10-nm wide)-band model, and (iii) threeband model (69-, 19-, and 19-nm wide) . The three different approaches for the hyperspectral modeling were performed to examine the degree of granularity in wavelength differentiation necessary to produce estimation models with the greatest accuracy. Additionally, bermudagrass, tall fescue, and wheat CP estimation models were constructed using NDVI calculated from active sensor measurements as well as height measurements from time of flight laser distance sensors. , soil test value of 64 g P kg 0-m width of these plots allowed for splitting of the plots into two near-identical, side-by-side 1.5-m wide plots for increased replication, which resulted in 56 subplots. This resulted in four replications of a randomized complete-block design (RCBD) with a split-plot arrangement. The N applications were applied to ensure a range of CP, which would allow for viable trend analysis and model construction. These plots were sampled for hyperspectral data once in 2013 and three times per year in 2013 and 2014 for NDVI.
MATERIALS AND METHODS

Bermudagrass
Two wheat experiments were examined, of which the first was initiated at the Noble Foundation Unit 3 Farm in Ardmore, was chosen because the air temperatures were mild enough to alleviate an overheating issue with the JAZ instrument, which had rendered data from previous collection events unusable. Despite this precaution, data for the fourth replication were not recorded as a result of equipment failure. This was not discovered until after leaving the location and subsequent acquisition of this data was not possible, as replication of the calibration and environmental conditions would not have been possible. The JAZ fibers were attached to a metal rod at approximately 122 cm above the ground surface as to establish a consistent sensing height. The sensing footprint was approximately 0.11 m 2 .
Active Spectral and Canopy Height Data Collection: Bermudagrass, Wheat, and Tall Fescue Experiments
In the bermudagrass experiment, a ground-based mobile platform was used for moving sensors across the trial areas using an electric golf cart (selected because of minimal suspension travel) fitted with drop spindles and oversized tires spaced at 1.0 m to minimize contact with the biomass contained within the plot area (1.5 by 6.0 m). The cart was custom fitted with a mast extending from the front on which sensors were attached. A single deepcycle 12V deep-cycle marine battery was added to the cart and served as the power source for all sensors. Power and accessory power to all sensors was routed through a system power cycle switch by which all active data acquisition could be initiated or terminated simultaneously. A Greenseeker (Trimble Navigation Ltd.) was employed to collect NDVI and infrared vegetative index (IRVI) data at a rate of 20 Hz from each plot. Additionally, a global positioning system (GPS) with OmniStar extendedperformance global navigation satellite system (OmniStar-XP GNSS) (repeatability <10 cm, 95% circular error of probability) was implemented to acquire position data for all sensor readings. The GPS was configured to output spatial data at a rate of 10 Hz such that multiple locations could be recorded within each plot. Canopy height was measured using a single-beam, 660-nm, time-of-flight laser distance sensor (Pittman et al., 2015) . Sensor data was collected from the wheat and tall fescue experiments using a gasoline-powered Spider high-clearance tractor (LeeAgra, Inc.) at a ground speed of ~1.6 to 3.2 km h −1 . The factory-installed spray mast attached to the front of the tractor was converted to a manifold configuration to accommodate sensors. A 12V deep-cycle marine battery was also employed on this platform as the power source for sensors. The Greenseeker and lasers were also employed on this platform to collect data consistent with the methods used on the golf cart in the bermudagrass experiment. The same GPS with OmniStar-XP GNSS as described in the bermudagrass experiment was implemented to acquire spatial data for all sensor readings. The GPS was configured to output data at a rate of 10 Hz such that multiple locations could be recorded within each plot.
Data Acquisition and Postprocessing
A white standard was sampled after every third JAZ sample for irradiance corrections in postprocessing of hyperspectral data. A total of 63 samples were retained for analysis, which included only three samples from the fourth replication, as a result of equipment failure, and three omissions from repititions 1, 2, and OK (34.17 N, 97.08 W; elevation 268 m). The soils are characterized as Konsil loamy fine sand (fine-loamy, siliceous, active, thermic Ultic Paleustalfs) with pH of 6.8 and nitrate N, P, and K of 28, 50, and 111 g kg −1 , respectively. This trial contained 80 (1.5 by 6.0 m) plots treated with seven levels of N fertilizer ranging from 0 to 224 kg N ha −1 yr −1 in 2014. Treatments were arranged in eight replications of a RCBD. A Hege 500 cone planter grain drill (Hege Equipment Inc.) was used for planting wheat in 2014. As in the bermudagrass experiment, N applications were applied to ensure a range of CP, which would allow for viable trend analysis and model construction. Data were collected four times from October 2014 to March 2015.
The second wheat experiment was initiated at the Noble Foundation Dupy Farm near Gene Autry, OK (34.29 N, 96.99 W; elevation 220 m). The soils are characterized as Dale silt loam (fine-silty, mixed, superactive, thermic Pachic Haplustolls) with pH of 7.3 and nitrate N, P, and K of 11, 42, and 198 g kg −1
, respectively. A Hege 500 cone planter grain drill was used for planting wheat in autumn 2014, and data were collected in November, December, and January from 60 randomly selected plots. Threehundred and fifty (1.5 by 3.0 m) plots of 70 wheat varieties were planted as part of variety selection trials. These were arranged in a completely randomized block design with five replications.
The tall fescue experiment was initiated at the Noble Foundation Unit 3 Farm in Ardmore, OK (34.17 N, 97.08 W; elevation 268 m). The soils are characterized as Konsil loamy fine sand (fine-loamy, siliceous, active, thermic Ultic Paleustalfs) with pH of 6.8 and nitrate N, P, and K of 7, 25, and 55 g kg , respectively. This trial contained 40 (1.5 by 6.0 m) plots treated with seven levels of N fertilizer ranging from 0 to 224 kg N ha −1 yr −1 in 2014. Treatments were arranged in four replications of a RCBD. Tall fescue plots were planted into a conventionally prepared seedbed using a Great Plains 3P605NT sod seeder (Great Plains Ag). Data were collected seven times from April 2014 to March 2015.
For all experiments, samples for laboratory NIRS (2013 NIRS Consortium level 2 equation release statistics, grass hay: 13GH50-2.eqa r 2 = 0.9774 SEC = 0.769) forage nutritive value analysis (FQA) were acquired by hand clipping one 0.16 m 2 (wheat and tall fescue) and two 0.11 m 2 (bermudagrass) quadrats per plot to a 2.5-cm stubble height. Samples were dried in a forced-draft oven at 50C for 5 d prior to grinding and submission for analysis.
Hyperspectral Data Collection: Bermudagrass Experiment
Hyperspectral irradiance measurements were acquired at the canopy level for bermudagrass plots using a JAZ passive hyperspectral spectrometer (Ocean Optics) at 0.3-nm resolution from 340 to 1030 nm. The plots were each sampled six times for hyperspectral data using a JAZ field hyperspectral radiometer with three samples evenly spaced over the length of the plot on the northern half (1.5 m) and three on the southern half (1.5 m) of each plot. All hyperspectral data and FQA samples were collected within 1 h at ~1300 h CST on a day that was characterized by very little wind and virtually no cloud cover (1 Nov. 2013) . Despite the autumn date of data collection, no frost damage had yet been incurred by the bermudagrass and the vegetation was photosynthetically viable. This late date 3 because of corrupted data. Data were processed using Spectra Suite software (Ocean Optics) with the white standard taken every third sample, serving as the illumination correction standard. Dark standards for all processing were extracted from the initial calibration, as no baseline shift was present. All spectral data were reported as relative reflectance values. All decimal wavelengths were averaged to provide one irradiance value per wavelength. For all active spectral experiments, all streams of data were captured real time using AgriLogger or WinWedge Pro (TAL Technologies Inc.; Pittman et al., 2015) . These software applications were not used simultaneously for concurrent data collection, and WinWedge Pro was only used to capture data in initial stages of the bermudagrass experiment. AgriLogger was developed to allow only the user-specified rate of data acquisition to take place, while WinWedge Pro captured all data from incoming streams at rates dictated by the transmitting hardware. Running multiple instances of the application simultaneously was necessary when using WinWedge Pro, whereas AgriLogger was capable of collecting data from all incoming streams. AgriLogger enabled the user to insert identifiers real time as data were acquired. The identifiers used to delineate plot areas from nonplot areas were inserted with a mouse click or touch-screen button and recorded on the single combined output file produced by AgriLogger. No plot delimiters could be inserted when using WinWedge Pro, and cycling of power to sensors was necessary to delineate plot areas via insertion of null values. Additionally, one output file was produced for each running instance of the application, resulting in multiple output files for each data collection event when using WinWedge Pro. The single file produced when using AgriLogger was parsed based on spatial data with the recorded plot numbers being used as a quality control check measures. Data collected using WinWedge Pro were parsed via spatial data with the occurrence of null values used as a quality control check. All NDVI, spatial, and canopy height values were averaged on a by-plot basis to provide one composite value for each plot. Canopy height values were approximated using the method developed by Pittman et al. (2015) .
Data Analysis and Model Construction
The data were split into a modeling data set and validation data set for each experiment. The data were sorted based on CP before splitting to ensure both modeling and validation sets contained consistent distributions of the CP range encountered. Modeling data for the hyperspectral bermudagrass experiment were examined for correlation with CP using SAS (version 9.3) PROC CORR (SAS Institute, 2012) . Variable importance plot (VIP) scores for hyperspectral data in relation to Pearson coefficient (PC) were generated using PROC PLS ( Fig. 1 ; SAS Predictive models were constructed from 42 samples. Potential predictive accuracy for each model was evaluated based on the percentage of variation explained by modeled variables for the dependent variable (VDV). Parameter estimates were obtained from the PROC PLS output using the VARSS option. These coefficients were employed to calculate nonscaled estimates from the calibration data, and a conversion relationship was defined as a regression equation. This combination of the coefficients and conversion equation (Table 5 ) were used to estimate CP for the remaining data not used in model construction (21 samples). Regression (PROC REG; SAS Institute, 2012) was used to evaluate the relationship of the CP estimates to the laboratory-measured CP. Mean percentage error (MPE) between estimated and laboratory-analyzed CP was calculated to illustrate the error associated with estimates.
Institute, 2012). The PROC PLS analysis of hyperspectral data allowed delineation of the spectral areas, which explained the most variation in CP. The product of the VIP and PC (VP score) was used as a scoring mechanism to rank wavelength appropriateness for inclusion in predictive models (Table 1-3). The lower limit for model inclusion was set at a VP score above 0.68, as this provided inclusion of three distinct, tightly grouped spectral regions. Below this score no consistent pattern of regional scoring occurred. The PROC PLS procedure was then used to construct models using leave-one-out cross-validation with 1000 random permutations. Three models were constructed, which included an individual-wavelength-based model, a 10-nm-band model, and a spectral-region-band model (Table 4) .
The 10-nm-band and spectral-region models were based on averaged irradiance across the appropriate spectral region. Mixed models were used to evaluate the nature of the relationship between CP and NDVI as well as IRVI for departure from linearity for all experiments (SAS Institute, 2012). The PROC PLS procedure was implemented in the same way for NDVI model construction as in the hyperspectral model. Derived VIP scores for the laser canopy height, IRVI, and NDVI were examined for model construction inclusion. Three instances of hardware failure and two instances of sampling error reduced the total number of observations for the bermudagrass experiment to 266 observations. This resulted in a modeling data set of 218 and a validation set of 48 samples. Additionally, as a result of sampling error and GPS failure, 176 total samples were retained for the tall fescue analysis, with 63 contributing to the validation data and 114 to model construction. Data for the wheat model consisted of 389 samples for model construction and 107 for validation with four omissions resulting from laser sensor malfunction. All conversion and modeling equations for experiments in which data were collected from the mobile platform are included in Table 6 .
RESULTS AND DISCUSSION Hyperspectral Model: Bermudagrass
Crude protein concentrations from 74.7 to 168.0 g kg −1 were reported from the laboratory NIRS analysis. This provided sufficient range to detect relationships between spectral data and laboratory NIRS analyzed CP concentrations. Spectral data was collected for a region between 340 and 1030 nm. All spectral data with negative relative irradiance values were eliminated from analyses. This reduced the effective spectral region examined to 440 to 910 nm. The VP scores further reduced the data to 110 individual wavelengths with regions from 440 to 509 nm, 560 to 580 nm, and 700 to 719 nm. Of the three models that were constructed using these spectra, the 10-nm band model produced the highest VDV at 79%. The individual-wavelength and wide-band models produced VDV of 73 and 68%, respectively (Table  4) . As a result, the 10-nm band model was examined for predictive accuracy. Using the combination of the parameter estimates output from PROC PLS and the conversion equation, the measured vs. estimated CP for the validation data produced an R 2 = 0.80 with an intercept of 2.1 (Fig. 2) . Additionally, 10.5% MPE was observed for estimates compared with measured CP. These findings agree with those Table 4 . Three models examined for estimation of bermudagrass crude protein from hyperspectral reflectance data consisting of individual wavelengths in wide spectral regions, 11 10-nm bands, and three variable-width regional bands. Table 2 . Pearson coefficients (PCs), variable importance scores (VIPs), and the product of VIP and PC (VP score) for spectral reflectance for constructing a crude protein estimation model in bermudagrass consisting spectral reflectance at 11 10-nm wide bands. of Starks et al. (2008) , whereas N in bermudagrass was estimated from passive hyperspectral reflectance and produced an R 2 = 0.82.
Active-Spectral-and Canopy-HeightBased Crude Protein Estimation Model: Bermudagrass
Bermudagrass CP concentrations ranged from 43.0 to 230.0 g kg −1 as reported from NIRS laboratory analysis. Although the PROC MIXED analysis revealed no significant difference in the relationship of CP to NDVI, as compared with square, cubed, or quartic function of NDVI, the quartic NDVI-based CP estimation model (Table 6 ) produced the greatest VDV for CP (74.8%) in combination with laser canopy height estimates. The MPE for NDVI-and laser-based CP estimation for bermudagrass was 11.66%, and the linear regression relationship between the estimates and laboratory measured CP was characterized by an R 2 = 0.85 (Fig. 3) .
Active-Spectral-and Canopy-Height-Based Crude Protein Estimation Model: Tall Fescue
Tall fescue CP concentration reported from NIRS laboratory analysis ranged from 60.0 to 300 g kg −1
. The PROC MIXED analysis for tall fescue indicated a seasonal  CP interaction (P = 0.02), which influenced the relationship between tall fescue CP and NDVI measurements. As a result of this interaction, tall fescue CP was examined by season and across seasons. Normalized difference vegetation index was the only parameter selected for model construction inclusion because the VIP scores for both laser estimated canopy height and IRVI fell below the were selected for model inclusion (Table 6 ) with the greatest VDV for NDVI occurring in association with the cubed function, the squared function for IRVI, and the untransformed function for laser canopy height (71%). Estimates regressed to laboratory-analyzed CP for the entirety of the validation data had R 2 = 0.27 ( Fig. 7) with an MPE of 14%. In an effort to better understand this relationship, the data were split into two sets: (i) data collected from 30 d after planting to the beginning of spring flush (approximately up to Feekes 1-7) and (ii) data collected after the commencement of rapid spring growth (Feekes 7-10 and beyond). The regression relationship for sensor-based estimates to laboratory-analyzed CP for the early-season wheat was characterized by an R 2 = 0.62 ( Fig. 8 ) with an MPE of 9%, whereas the later-season wheat relationship exhibited an R 2 = 0.01 (p = 0.5854) with an MPE of 23%. Some explanation of this can be offered in considering the potential CP variability, which may occur as a result of mobilization of N in the wheat plant, as morphological changes occurred toward reproductive development in the spring. These findings are in agreement with CabreraBosquet et al. (2011) for NDVI and aboveground N concentration in wheat (R 2 = 0.47 to 0.71).
CONCLUSION
Based on results of this study, sensor-based estimates of CP in forage can be achieved with acceptable accuracy as compared 0.8 threshold for inclusion (Table 6 ; SAS Institute, 2012).
Estimates regressed with laboratory CP analysis exhibited R 2 = 0.63 across all seasons (Fig. 4) , R 2 = 0.41 for fall and winter collected samples (Fig. 5) , and R 2 = 0.83 for spring and early summer collected samples (Fig. 6 ). The seasonal model for spring CP estimation (63 model construction samples and 26 validation samples) from NDVI measurements offered VDV and MPE of 68 and 16%, respectively, whereas that for fall (54 model construction samples and 33 validation samples) offered VDV and MPE of only 17 and 19%, respectively. This seasonal influence could likely be attributed to slow-growing fall and winter forage with high CP concentrations, though little photosynthetically viable biomass was present. In contrast, a greater volume of biomass was produced in the spring growing season and provided a much more homogenous target for spectral reflectance measurements. . The PROC MIXED analysis indicated no significance in interaction among seasonally categorized CP measurements, laserestimated canopy height, NDVI, or IRVI. The VIP score for all sensor measurements were above the inclusionary threshold of 0.8 (SAS Institute, 2012). Subsequently, all with NIRS laboratory analysis for bermudagrass, tall fescue in spring and early summer, and, to some degree, wheat before Feekes 7. Though year-round, sensor-based estimates of CP would be optimal, confounding factors, such as morphological development of annual forages and limited production of photosynthetically viable tissue by perennial forages in some growing seasons, may limit this possibility. Results reported indicate that active spectral instrumentation and, in some cases combined with, canopy-height sensing equipment can produce estimates comparable with those produced using hyperspectral instrumentation. This is an important advantage, as most hyperspectral instruments cannot be used from a mobile platform in an on-the-go system where a continuous a stream of data are acquired as the system is moved across an area of interest. The ability to use sensing equipment in this on-the-go manner allows for data to be collected much more quickly over a greater area in substantially less time than would be necessary for the point-type data collection associated with most hyperspectral instruments.
To improve the accuracy with which CP can be modeled, further investigation using active spectral instrumentation that can obtain reflectance measurements for additional spectral bands or wavelengths could be contributive. Additionally, examination of a variety of forage species for sensor-based CP estimation may also offer some insight to additional areas of spectra, which may be appropriate for model inclusion. The models used for estimation of CP will likely be species-dependent and may be seasonally dependent as well.
The implications for decision making in livestockforage system management or feed supplementation also should be considered. The data collected from a mobile platform, as used in this study, can provide estimates in substantially less time than would be expected for physical sample collection and laboratory sample submission. This type of system could also be useful for plant breeders in making cultivar selection for high-quality forages without the time-intensive data-collection scenarios associated with sampling large collections of germplasm.
